We use nine waves of BHPS data to examine interactions between spouses in terms of a behaviour with important health repercussions: cigarette smoking. Partners' behaviours may be correlated due to matching in the marriage market, bargaining within marriage, or information revealed by others' behaviour. Simple probit and bivariate probits reveal a positive correlation between partners' smoking participation, which is consistent with both matching and bargaining. Controlling for fixed effects allows us to distinguish between opposing interpretations. In our preferred specification, a bivariate probit with random effects, partners' behaviours are statistically independent: all of the correlation in smoking status works through the correlation in individual fixed effects. As such, we believe that the correlation in the raw smoking data reflects matching on the marriage market, rather than bargaining within the couple. JEL Codes: C33, D83, I12, I18.
Don't Give Up on Me Baby: Spousal Correlation in Smoking Behaviour

Andrew Clark and Fabrice Etilé 1 Introduction
Over the past fifteen years, economists have started to relax the assumption that the most salient level of analysis is that of the individual. This evolution has been felt particularly strongly in the areas of labour supply, where the collective model has made great inroads into the established literature (see Chiappori, 1992) , and in political welfare economics, where the issue of fungibility of welfare receipts has come to the forefront (see Blank, 2002) .
In this light, we consider interactions between spouses in terms of an (a priori) observable behaviour with important repercussions on health: cigarette smoking. There are a number of reasons why partners' behaviours may be correlated: these are broadly divided into matching in the marriage market 1 , strategy within marriage, and the information revealed by others' behaviour when there is uncertainty.
There are at least two important consequences of interactions between household members.
The first is purely descriptive or positive: if household members interact then we build better, in the sense of more realistic and accurate, economic models if we take this fact into account.
The second is normative: absent special cases, optimal policy is bound to depend on the nature of these interactions. In terms of the current paper's subject matter, we can ask whether it is sufficient, or more efficient, to target one person per household in terms of health education (or some other intervention), as opposed to all household members. This paper uses British household panel data to look at the correlation in smoking behaviour between partners. We consider both participation in smoking and, using the panel aspect of the data, the quit decision. We uses nine waves of British Household Panel Survey (BHPS) data to measure the extent of this correlation, both in cross-section and, accounting for individual heterogeneity, panel regressions.
If partners act strategically within marriage, then we expect their behaviours to be correlated, even when individual fixed effects are controlled for (these latter will only pick up the time-invariant correlation between spouses' preferences). We will estimate a number of different specifications to test for this type of influence. The first, simple, specifications (simple and bivariate probits) will not control for individual fixed effects. We then control for unobserved individual heterogeneity by considering quit equations, random effect probits, and (our preferred specification) a random effect bivariate probit.
The paper is organised as follows. We first run briefly through some ways in which to think of correlation between partners' behaviour: matching, household bargaining and social learning. Section 3 then presents the data, and Section 4 the econometric approach. Our main findings are reported in Section 5. We show that matching explains the spousal correlation in smoking behaviour. Section 6 proposes further empirical results regarding learning and the presence of children. Section 7 concludes.
Theory
We briefly present here a number of arguments which may account for correlation in partners' smoking behaviour. These are not specific to cigarette consumption, and may apply more generally to other risky behaviours. They fall into three different groups: individual fixed effects; interactions due to bargaining within marriage; and social learning about smoking's health risks from the observation of one's partner.
Matching in the Marriage Market
The first theoretical consideration refers to the process of matching on the marriage market. It seems uncontroversial to say that people tend to marry those who think and behave like them. In this optic, smoking is an easily observed signal of (less-easily observed) general preferences with respect to other activities and goods, such as parties, concerts, healthy foods and sport 2 . This correlation can also be interpreted with respect to preferences for the present (i.e. discount rates). Contoyannis and Jones (2001) show that a number of such lifestyle variables are correlated with each other. This type of matching with respect to (unobserved) individual fixed effects (or lifestyle preferences) likely applies especially to teenagers and young adults.
Equally, matching may concern observable variables like income or social class. Here, a number of studies have found a wage penalty for smokers (see Levine et al., 1997, and Van Ours, 2002 ). This will make non-smokers more attractive on the marriage market, due to their higher expected life-cycle income. The resulting matches will then exhibit a certain degree of homogamy, whereby smokers are matched with smokers, and non-smokers with nonsmokers; there will still be smoker: non-smoker matches, of course, as this is not the only relevant criterion (see also Wilson, 2001) . One reason for mixed matches is that the marriage market is not gender-neutral. In general, the impact of health on labour market outcomes is more pronounced for men than for women (see Currie and Madrian, 1999) . As such, male smokers will be more heavily penalised than female smokers when there is matching by income.
A last related point concerns preferences over time spent together with one's partner.
Aversion to spending time alone in widowhood, will also lead to preferences for partners whose life expectancy coincides with ones own. Here again, preferences for the present come into play.
The implication of matching in the marriage market is that, first, both male and female smoking equations must include individual fixed effects. Second, we expect these fixed effects to be correlated.
Collective Decision-Making
The second interpretation of the correlation between partners' behaviour relies on some ongoing collective decision-making process within the household. The key point here, and that which allows this process to be distinguished from matching, is that the outcome of this bargaining, measured by cigarette consumption, is susceptible to change over time.
The set-up is a battle of the sexes, where partners do not have the same preferences, but value choosing the same outcome. The payoffs will then depend on both the private pleasure from smoking and the value of homogamy. The latter can be understood as the value of time spent together in good health.
The Nash equilibrium can be anywhere in the Smoking-No Smoking space, depending on the relative size of the private and public payoffs. There are two implications. First, the value of making the same choice will yield some correlation in partners' smoking status. Second, life-cycle events can alter the payoffs. In particular, the arrival of children may raise the value of time spent together. Hence, we expect the presence of children within the household to increase adults' incentives to remain in good health. This shift in the relative size of the public and private payoffs makes it more likely that the Non-Smoker/Non-Smoker solution Paretodominates 3 . However, adjustment costs will dampen these incentives. In addition, gender differences may push towards lower correlation in spousal smoking: the mother's smoking may have a greater impact on children's health (especially during pregnancy) than the father's smoking.
Another application of the battle of the sexes is in terms of endogenous life expectancy.
Aversion to spending time on one's own in widowhood (which should increase with the duration of married life, as the hypothetical event approaches) may lead spouses to underinvest in health. If partner's health investments are not perfectly observable, smoking may be interpreted as a signal of the partner's commitment to healthy behaviours. In this signalling game, spouses will again tend to co-ordinate on equilibria where both smoke or no-one
The empirical implication of household bargaining is that partners' smoking statuses may be correlated, even after controlling for individual fixed effects.
Social Learning
The last explanation applies in a world where there is both uncertainty about smoking's dangers and social learning. Health changes for one partner who smokes may change the perceived riskiness of smoking for both. The correlation in one of the key parameters determining smoking leads naturally to a correlation in observed behaviour (see Clark and Etilé, 2002) .
Empirical predictions
These different arguments yield three main empirical predictions:
Prediction 1 (Matching and Bargaining): Smoking status will be positively correlated between partners. However, detailed information on fixed individual characteristics are required to distinguish matching from bargaining. As this kind of information is generally only partially present in surveys, we appeal to panel regression techniques to control for fixed unobservables.
3 In non-cooperative couples there is of course no guarantee that the Pareto-dominant point is chosen. Also note that the basic battle of the sexes set-up only predicts that choices will be correlated, rather than saying which of the homogamous solutions will result. 4 Formal models of strategic health investments within the household are developed in Bolin et al, (2001 Bolin et al, ( , 2002 . However, issues such as interactions in the choice of the length of life are not investigated. We will attempt to test these predictions on long-run British panel data.
Data
The British Household Panel Survey
The British Household Panel Survey is an annual panel of roughly 10 000 individuals in around 5 000 different households in Great Britain. We use the first nine waves (1991) (1992) (1993) (1994) (1995) (1996) (1997) (1998) (1999) .
All adults in the household are interviewed separately with respect to their socio-demographic characteristics, income, employment, and health. Further details of this survey are available at the following address: http://www.iser.essex.ac.uk/bhps.
Smoking in the BHPS
We consider all individuals who are observed over the nine waves, to estimate the probability of being a smoker as a function of past smoking status. This initial unbalanced subsample (Sample 1) includes 63530 observations (12467 individuals) of which:
• 21172 are not in a couple at both t-1 and t.
• 2814 change from not being in a couple to being in a couple (married or living together), or vice versa, between t-1 and t 5 .
• 39544 remain with their partner between t-1 and t 6 .
Smoking participation by marital status and sex is summarised in Table 1 (where "single" refers also to those who did not remain with the same partner between t-1 and t).
5 There will likely be a number of couples who do not live together at t-1, and who subsequently live in the same house (either cohabiting or married) at t. As we cannot identify the first status, these individuals will be counted in the second category. 6 A couple who live together at t-1, and are married at t, will appear in the third category. Note that whilst 67% of men interviewed in this sample are in couples, this is only true for 58% of women. There is an 7.3% difference in the smoking participation of singles versus those in couples for men; the analogous figure for women is 5.7% per cent. It is possible that this reflects an indirect widowhood effect. Men in couples are about 9.5 years older than single men, while single women are 3 years older than women in couples. Widowhood explains these differences (32% of single women are widowed, against only 11% of single men).
Consider now couples who stay together for two consecutive years and for whom information on both partners (of different gender) is available (N = 19307 x 2). We use this subsample (Sample 2) to run bivariate probit estimations of current smoking behaviour as a function of spouses' past smoking decisions. We use lagged spouse smoking to avoid problems of simultaneity and identification.
Smoking participation for men and women in this sample is 25.9% and 24.2% respectively.
Other descriptive statistics are presented in Appendix A. The crosstabulation of couples' smoking statuses in Sample 2 is shown in Table 2 below. The table reveals that there are more mixed couples (one smokes, the other does not) than there are matched smoking couples, suggesting that many factors, in addition to smoking, are important in couple formation. We can calculate conditional probabilities to illustrate the correlation in spouses' behaviours. Table 3 shows these for men, conditional on their partner's smoking status. The table should be read as follows: given that the woman smokes, the probability that the man smokes is 57.4%; given that the female partner does not smoke, the probability that the male partner smokes is only 15.8%. The conditional probabilities for women tell almost the same story. Nevertheless, the descriptive odds ratio for women is slightly higher than that for men (3.93 and 3.63 respectively) 7 : male smoking is somewhat more of a risk factor for women than is female smoking for men. There is obviously a positive correlation between partners' smoking statuses, with something of a gender asymmetry 8 . In the remainder of this paper, we try to investigate this correlation in the light of section 2's theoretical considerations.
Accounting for selection bias
We note that there is likely some selection bias involved in moving from sample 1 to sample 2, as matching and smoking are correlated. We try to control for this by estimating a marital status selection equation on sample 1 as a function of education (3 dummies), labour force status (10 dummies), region and year, and regional unemployment rates by sex and year.
These last variables are used to satisfy the exclusion restrictions. Unemployment rates are expected to be correlated with marital status as (i) being in couple is a form of insurance against well-being losses caused by future unemployment (positive correlation); and (ii) the average quality of offers on the marriage market falls as unemployment rises -therefore, the implicit cost of divorce increases. However, the rate of new marriages may fall as unemployment rises, and the net effect depends on the demographic structure.
The dependent variable equals 1 if the individual remains with his/her partner between t-1 and t, and 0 otherwise. From this selection equation (estimated by gender) we compute a 7 The descriptive odds ratio is the ratio of the conditional probability of positive outcome when the conditioning variable is active to the conditional probability of positive outcome when the conditioning variable is inactive. Here: Mills ratio, which is introduced in the standard way into the regressions carried out using sample 2. In most of our regressions we use the balanced sub-sample (Sample 3) extracted from sample 2. As we need to observe one-period lagged smoking, this leaves us with roughly 10500 couples observed over eight periods. These couples are stable for all nine periods. Therefore, their match is likely to be better than that of couples who are excluded from sample 3. To correct for this selection bias, we compute a Mills ratio using a selection variable that equals 1 if the individual remains with the same partner over all of the 9 periods (this reflects selection from sample 1 into sample 3). (1) above therefore acts as an instrument for Y -i,t . Second, we do not control for cost-of-adjustment effects and past level of own consumption in this specification (Suranovic et al., 1999) . Third, in terms of the three arguments presented in section 2, the fixed effect c i will capture matching, whereas β will measure the bargaining or information effects. Now, consider the following bivariate probit specification (which simply develops (1)): Index by h,t all row vectors whose two components are the variables describing the behaviours or characteristics of each spouse at time t, for instance )
. We are interested in the identification of the α's and γ's in the following model:
where λ 1 =(α 1 , β 1 ) and λ 2 =(α 2 , β 2 ).
Assume that the vector of fixed effects has a conditional density f(c h |Y h,0 ,X h ), where X h is the vector (X h,1 ,X h,2 ,…,X h,T ). We can write the log-likelihood of observations Y h,t , t=1 to T as follows (Wooldridge, 2002a (Wooldridge, , 2002b 9 ):
To estimate this model, we will assume that f is a bivariate discrete distribution. 
with δ 11 normalised to 0. The final household likelihood is:
The parameters c jk , α, β, δ and γ can then be identified from the data, by maximisation of the log-likelihood. The model is estimated by the Simulated Annealing EM algorithm (Celeux et al., 1995) , which is a stochastic version of the EM algorithm of Dempster et al. (1977) . The EM algorithm is increasing in lnL but is known to lead often to poor local maxima or saddle points. The SAEM algorithm was designed to overcome this limitation. Following other authors, we compare information criteria such as the BIC, and the AIC 10 for 2, 4 or more points c jk in order to find out the optimal number S* of points of support (see for instance Deb and Trivedi, 1997 or Wedel et al., 1993 ). An entropy-based measure is also used as an indicator for the satisfactory distribution of the individual heterogeneity over the support points 11 . The closer this is to 0, the more inaccurate is the classification of observations into distinct homogeneous groups (Jedidi et al., 1997) . Our model may be misspecified if twoperiod lagged decisions affect current smoking statuses. As we use a finite discrete distribution to model household fixed effects, there is no test of omitted variables: standard tests do not account for uncertainty on the optimal number of support points S, which may vary with the set of regressors. However, we will compute LM statistics for omission of Y h,t-2 , but they have to be considered cautiously. Last, in bivariate probits the use of distinct control variables in each equation (labour force status, age etc.) allows the robust identification of the correlation coefficient (Keane, 1992) .
For the sake of comparison, we will also estimate a simple random-effect probit model of equation (1), where the individual specific effects follow a Normal distribution. Further, the conditioning technique used to produce equation (4) is applied to avoid the initial conditions problem. We will also estimate bivariate probit models without individual or household fixed effects (c h =0: cross-section regressions). These may be argued to be more descriptive than conclusive, as lagged consumption is likely to be endogenous in these regressions.
10 AIC=LnL-p where LnL is the log-likelihood and p the number of parameters in the model. BIC=LnL-LnN*p/2 where N is the number of observations. There is no test of the optimal number of classes as no point of support can have no mass i.e. the conditions of compactness of the parameter space are not met.
where ϖ hjk is the probability that c h =c jk given the information available in the dataset.
5 Matching or Bargaining? Table 4 presents the results of probit estimation of smoking status using Samples 1 and 2.
Descriptive analysis
It has three columns. The first refers to the simplest probit model estimated on sample 1.
Current smoking is presumed to depend only on lagged smoking participation. Columns 2 and 3 show the results from a bivariate probit model without fixed effects, where partner's past smoking behaviour is added as an explanatory variable. The main conclusion from this table, in terms of our paper's subject, is that in multivariate regressions individual smoking participation depends on partner's behaviour. We also uncover significant evidence that smoking and couple duration are correlated. The positive significant Mills ratio shows that those whose couple duration is largely determined by unobservables (for instance lifestyle choices) are more likely to smoke 12 .
Other results in Table 4 (see also Table B1 in Appendix B) show no correlation between smoking and the age cohort. Smoking is more prevalent amongst the poorer, the lesseducated, and lower amongst housewives. The income effects may be counteracted by "stress effects" for those with managerial responsibilities. Although household size has some effect on smoking, the presence of children as such does not affect behaviour.
However, these probit models suffer from severe misspecification bias, due to the omission of the fixed effect. To this extent, the results that we have presented up to this point may be argued to be more descriptive than conclusive. there is no spousal correlation in the residuals). We used for these estimates a random-effect probits (controlling for the initial condition problem as in equation (4)) 13 .
Controlling for Fixed Effects
The dynamic bivariate probit in columns 7 and 8 adds an individual fixed effect for both partners to the standard bivariate probit model. This is our preferred specification. The individual random effects here are distributed as a finite discrete distribution (see Section 4.1).
12 Our instruments are insignificant in the marriage selection equation, although the power of the full set of variables is correct (see Table B2 in Appendix B). This problem of weak instrumentation disappears in the next section when we introduce individual fixed effects, dropping a number of Table B1 's explanatory variables. 13 The usual information criteria (AIC or BIC) favour the random effect probit over the simple bivariate probit in columns 1 and 2. Table 5 below illustrates our search for the optimal number of support points in the discrete distribution of individual heterogeneity. Information criterion with sample penalties (BIC) suggest four (2 x 2) as the "best" number of points, whereas AIC favours nine (3 x 3) support points. However, the entropy is higher with four support points, and with nine support points, two classes turn out to be only sparsely populated (with a mass of about 2%) and several class memberships are not well identified (the variance of the β jk in equation (5) is very high). Hence, we retain four support points. In Table 6 's specification 6, the variances of the coefficients are computed under the assumption that the optimal number of support points is not a random variable. A rigorous computation of the variance-covariance matrix should consider this issue. To our knowledge, this has not been treated in the existing literature, and following the tradition we use the standard information matrix. -2434 -2378 Note: standard errors in parentheses, adjusted for clustering on households. *=significant at the 10% level, **=significant at the 5% level, ***=significant at the 1% level,. In the quit regressions, observations corresponding to individuals who don't smoke at t-1 have been dropped. The Z vector of conditioning variables was reduced to (Y h,1 ,X h,2 ) due to weak within-group variance of the X variables. The controls that were insignificant in the previous regressions are dropped (region, household size, other labour force statuses). Wave dummies control for price variations.
There are two striking results. First, as expected, in specifications 5 and 6 the coefficient on own lagged participation drops sharply, although it remains significant at all normal levels.
The omitted individual fixed effect in specification 3 biases upwards the coefficient on lagged participation in the usual way.
Second, individual smoking participation is statistically independent of partner's smoking participation in a number of specifications. The strong effects of partner's lagged smoking in specification 3 (a bivariate probit without individual fixed effects) entirely disappear in specification 6 where individual effects are modelled in a flexible manner.
This result also pertains in simple probit equations (where there is no correlation between the error terms). Specification 4's quit estimates (which can be thought of as first-difference regressions) show no effect of partner's past quitting decision 14 . Last, specification 5 shows the results of simple probits with Gaussian random effects. Here, there is some correlation between women's smoking status and partner's lagged smoking, but only at the ten per cent level. Again, this specification is dominated by specification 6's bivariate random effects probits.
The absence of correlation between partners' behaviours reveals some deeper structure in the descriptive results presented above (see Table 4 ). Partners' behaviours are indeed correlated in the raw data, but only because their associated fixed effects are not independent.
In fact, the estimated individual fixed effects in columns 7 and 8 are positively correlated, with a correlation coefficient of 0.523. This is consistent with a matching model of marriage, but does not support a bargaining model of health behaviour determination within couples.
Three additional points can be highlighted in Table 6 . The Mills ratio is insignificant in the fixed effect specifications, casting some doubt on Table 4 's simpler results. Contrary to Prediction 3, the presence of children has no significant effect on smoking participation.
There is however a "pregnancy" effect on women's smoking. The fact that this only appears for women is consistent with an asymmetric gender effect of parental smoking on child health. Last, we note that specification 6 is not rejected by an LM test for the omission of twoperiod lagged participation.
Further results
The results in section 5 have allowed us to make progress in distinguishing between the matching and bargaining explanations of spousal correlation in smoking. This section proposes a test of the second and third predictions. We would like to know how agents react to past health changes, and whether being a parent reinforces the correlation in smoking statuses.
Health
Our second prediction is that smoking status may be positively or negatively correlated with partner's past health changes. This can be explained by both social learning about smoking's dangers (or more generally managing health capital) and, in a bargaining framework, partner's health developments affecting the anticipated value of time spent together.
We report results from probit quit equations and random effects probits on individual smoking status. These regressions include health development variables for both the individual and his or her partner between t-2 and t-1, as measured by changes in subjective health status 15 . We denote all of i's past health developments while smoking (both own and Previous work using the same methods and dataset (Clark and Etilé, 2002) found some evidence that individual cigarette consumption reacts to own past health changes, but is largely independent of partner's health changes. Here we will reproduce this exercise, but with a far cruder binary measure of smoking. Table 7 shows the results. 15 The subjective health status variable has five categories in the BHPS (excellent, good, fair, poor, very poor). We recoded excellent and good to "good", and fair, poor and very poor to "poor". At wave nine, the categories were somewhat different (excellent, very good, good, fair, poor), but the distribution of replies led us to keep the same grouping. We use this binary health variable (whereas Clark and Etilé, 2002 , kept four categories) as our qualitative regressions do not allow efficient identification of a large number of health change dummies. Yes  N  4045  3782  2290  2182 1321 households observed on 7 periods Note: Standard errors in parentheses, adjusted for clustering on households. *=significant at the 10% level, **=significant at the 5% level, ***=significant at the 1% level.
We find no correlation between own past health developments and current smoking status (controlling for own and partner's past participation). In the quit equations, continued good health for a partner who smokes is associated with a lower probability of quitting. However, better health for a non-smoking partner is also negatively correlated with quitting. It is difficult to tell a consistent story here, and most of the estimated coefficients are insignificant.
These regressions reveal little evidence of either social learning or of private learning.
This latter contrasts with the findings in Clark and Etilé (2002) , where one's own health changes did matter. There are at least two potential reasons for this: Clark and Etilé consider four categories of health developments, interacted with age group and sex; and, perhaps most importantly, they model the level of daily cigarette consumption, not the participation decision in its own right. With respect to the last point, convex adjustment costs will render the level of consumption more malleable than the decision to smoke itself.
Children
Our prediction 3 was that the presence of children would increase the correlation between smoking behaviours, by emphasising the public good value of time spent with one's partner in good health. The (current or past) presence of children may also act as an indicator of the quality of the match, which again implies a correlation of preferences 16 . Table 8 below interacts lagged smoking statuses with dummies for the presence of children, in specifications 4, 5 and 6 of table 6. The results do not support our third prediction.
The estimated correlations with partner's lagged smoking status are lower for couples with children in specification 12, but for women only, and our interaction variables remain insignificant in specification 13's estimates. 
The matching process
One may argue that within-household interactions concerning lifestyle choices take place mainly during the matching process or during the first years of the couple. Hence, the lifestyle choices of stable couples should already be well matched when we observe them in Table 6's regressions. To test this argument, we estimate specifications 4 and 5 on sample 2 with partner's past participation interacted with an indicator for the duration of the cohabitation spell (at least three years vs. less than three years) 17 . There is no difference in the estimated interaction effect between old and new couples in the quit equation. The estimates in specifications 14 and 15 do not provide any significant evidence of stronger partner influence in new couples, although the estimated coefficients on 17 We cannot estimate discrete bivariate fixed effect probits for the short duration couples as identification of this model requires transitions between smoking statuses. partner's past participation are higher for new couples. Although we find that male quitting is lower when the female smokes, comparing the results of Table 6 and Table 9 is hazardous, since the estimation samples are different. This emphasises the need for a structural model of the marriage market accounting for the various selection biases, wherein smoking may be considered by spouses and potential partners as a signal for lifestyle preferences. This appealing, although complicated, subject is left for future research.
Conclusion
This paper has used nine waves of BHPS data to examine intra-spousal correlations in smoking behaviour, which can result from matching, bargaining, public goods, or social learning. We first note that there is indeed a correlation in smoking status in the raw data, although there are some interesting differences by sex.
Perhaps this paper's most important contribution has been to the general question of modelling correlations between spouses' behaviours. We show that both probit and bivariate probit equations, without controls for individual heterogeneity, reveal a positive correlation between partners' smoking participation: this is consistent with both matching and bargaining.
Controlling for fixed effects allows us to distinguish between opposing interpretations. In our preferred specification, a bivariate probit with random effects, partners' behaviours are statistically independent: all of the correlation in smoking status works through the correlation in individual fixed effects. Further, we find very little evidence to support social learning in terms of smoking status. As such, we believe that the correlation in the raw data reflects matching on the marriage market, rather than bargaining or learning within the couple.
Our results allow us to contribute directly to the public policy debate. Given the matching of partners' preferences for smoking, but only weak evidence of spillovers in cigarette consumption between partners during marriage, it seems essential to target both partners in order to reduce household smoking. Interventions targeting only the female partner (for instance during pregnancy) would not appear to be effective in reducing male smoking. 
Appendix B -Additional results
Note: in all regressions, standard errors in parentheses, adjusted for clustering on households. *=significant at the 10% level, **=significant at the 5% level, ***=significant at the 1% level, N.S.=insignificant at the 10% level. LnL 0 = log-likelihood for the constant-only model. Other household size and marital status dummies were not significant. Note: In specification 6, point number 2 (cf. Table 6 above) is the reference for the estimation of the multinomial logit probabilities conditional on (Y h,1 ,X h,2 ) (see equation (5)).
